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SYSTEM AND METHOD OF PROCESSING least a portion of the at least one medical image overlaid by 
MEDICAL IMAGES at least a portion of the object data to be displayed . The 

method may further include building a spatial access tree 
FIELD structure from the object data . The method may further 

include removing object data from the spatial access tree 
This disclosure relates generally to processing medical structure ; storing the object data in persistent memory ; 

images for inspection or analysis . providing , over a computer network , the spatial access tree 
structure to at least one client computer , whereby the at least 

BACKGROUND one client computer queries the spatial access tree structure 
10 with bounding box data and receives identifying data for at 

Pathologists routinely use microscopes to assess patterns least one included object included within a bounding box 
in tissue samples on glass slides . The assessment of these represented by the bounding box data ; receiving query data 
patterns , which may indicate the presence or aggressiveness from the at least one client computer , the query data com 
of malignancies for example , is often critical to the diagnosis prising the identifying data for the at least one included 
of disease in humans and animals . Because human observers 15 object included within the bounding box represented by the 
conduct such assessments , they are subjective . Subjectivity bounding box data ; and providing object data for the at least 
in diagnosis can lead to misdiagnosis , which negatively one included object included within the bounding box 
impact patients , care providers , and payers . represented by the bounding box data . The method may 

Specialized instruments called whole - slide scanners can further include declustering the object data to split at least 
capture an image of the tissue sample on a glass slide that 20 one identified object into at least two disjoint objects . The 
has resolution and clarity equivalent to that provided by a declustering may include : computing curvature data for at 
microscope . Whole slide scanners output whole - slide least one clustered object represented by the object data ; 
images that can be viewed on a computer workstation and determining , based on the curvature data , that the at least one 
analyzed by software . Image analysis software promises to clustered object is a clustered object ; and applying an 
reduce or eliminate subjectivity in diagnosis . However , due 25 adaptive watershed technique to the at least one clustered 
to their large size ( ranging from hundreds of megabytes to object , whereby the at least one clustered object is split into 
dozens of gigabytes ) , whole slide images are not trivial for at least two unclustered object . 
computer systems to manipulate and analyze . Thus , com According to various embodiments , a system for process 
puter processing of whole slide images in acceptable time ing medical images is presented . The system includes an 
frames remains a long - standing problem in the art . 30 electronic persistent memory and at least one electronic 

processor . The electronic persistent memory is configured to 
SUMMARY store at least one medical image . The at least one electronic 

processor is configured to electronically represent a plurality 
According to some embodiments , computer - implemented of overlapping tiles that cover the at least one medical 

method of processing medical images is presented . The 35 image , each overlapping tile of the plurality of overlapping 
method includes accessing an electronically stored at least tiles comprising a non - overlapping inner portion and an 
one medical image ; electronically representing a plurality of overlapping marginal portion . The at least one electronic 
overlapping tiles that cover the at least one medical image , processor is further configured to , in parallel , and individu 
each overlapping tile of the plurality of overlapping tiles ally for each of a plurality of the overlapping tiles : apply a 
comprising a non - overlapping inner portion and an overlap - 40 segmentation process to identify objects in the at least one 
ping marginal portion ; in parallel , and individually for each medical image ; identify inner object data representing at 
of a plurality of the overlapping tiles : applying a segmen - least one inner object that is contained within an inner 
tation process to identify objects in the at least one medical portion of at least one tile ; and identify marginal object data 
image ; identifying inner object data representing at least one representing at least one marginal object that overlaps a 
inner object that is contained within an inner portion of at 45 marginal portion of at least one tile . The at least one 
least one tile ; and identifying marginal object data repre electronic processor is further configured to perform : merg 
senting at least one marginal object that overlaps a marginal ing at least some of the marginal object data to produce 
portion of at least one tile ; merging at least some of the merged data ; and outputting object data comprising the inner 
marginal object data to produce merged data ; and outputting object data and the merged data . 
object data comprising the inner object data and the merged 50 Various optional features of the above embodiments 
data . include the following . The at least one medical image may 

Various optional features of the above embodiments include a whole slide image ; and the object data may 
include the following . The at least one medical image may represent at least one : cell nucleus , cell nucleoli , gland , 
include a whole slide image ; and the object data may tumor , or image artifact . The merging at least some of the 
represent at least one : cell nucleus , cell nucleoli , gland , 55 marginal object data may include : splitting marginal object 
tumor , or image artifact . The merging at least some of the data for at least one pair of overlapping objects to produce 
marginal object data may include : splitting marginal object split object data ; stitching together the split object data to 
data for at least one pair of overlapping objects to produce produce stitched object data ; and smoothing the stitched 
split object data ; stitching together the split object data to object data . The at least one electronic processor may be 
produce stitched object data ; and smoothing the stitched 60 further configured to recursively merge at least some of the 
object data . The method may further include recursively marginal object data for at least one pair of overlapping 
merging at least some of the marginal object data for at least objects that are included in more than two of the plurality of 
one pair of overlapping objects that are included in more overlapping tiles . The at least one electronic processor may 
than two of the plurality of overlapping tiles . The method be further configured to , in parallel , and individually for 
may include , in parallel , and individually for each of a 65 each of a plurality of the overlapping tiles apply a stain 
plurality of the overlapping tiles , applying a stain normal normalization process . The at least one electronic processor 
ization process . The method may further include causing at may be further configured to cause at least a portion of the 
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at least one medical image overlaid by at least a portion of Automated computer processes to identify objects of 
the object data to be displayed . The at least one electronic interest in medical images . Non - limiting examples of such 
processor may be further configured to build a spatial access objects of interest include cell nuclei , cell nucleoli , glands , 
tree structure from the object data . The at least one electronic tumors , and image artifacts , e . g . , scanner artifacts or dust on 
processor may be further configured to : remove object data 5 an imaging lens . The automated object detection processes 
from the spatial access tree structure ; store the object data in may accept an image as input , along with some parameters 
the electronic persistent memory ; provide , over a computer that control sensitivity or specificity of the processes . The 
network , the spatial access tree structure to at least one client process ' output may be a list of numbers or statistics 
computer , whereby the at least one client computer queries quantifying particular properties of the image , and / or a list 
the spatial access tree structure with bounding box data and " ( and characteristics ) of objects of interest in the image . 
receives identifying data for at least one included object These objects may themselves be the source of any statistics 
included within a bounding box represented by the bounding generated . In many cases , the list of objects outputted by the 
box data ; receive query data from the at least one client algorithm could be very long : for example , a whole slide 
computer , the query data comprising the identifying data for 15 image with just a few sections of tissue could contain 
the at least one included object included within the bounding anywhere from 500 , 000 to 1 , 000 , 000 detectable nuclei . A 
box represented by the bounding box data ; and provide process designed to detect nuclei , for example , if executed 
object data for the at least one included object included on such an image , would yield as many objects of interest . 
within the bounding box represented by the bounding box While the nuclei are detectable by algorithm or by a human 
data . The at least one electronic processor may be further 20 viewing the image , they are only detectable at relatively high 
configured to decluster the object data to split at least one magnification . 
identified object into at least two disjoint objects . The at least human viewer may wish to interact with a computer 
one electronic processor may be further configured to displayed ( digitized ) whole slide image in a way analogous 
decluster the object data to split the at least one identified to the way she would interact with a glass slide on a 
object into at least two disjoint objects by : computing 25 microscope : just as a human would move the slide on the 
curvature data for at least one clustered object represented microscope stage and switch between objectives of varying 
by the object data ; determining , based on the curvature data , magnification powers , a human viewer may wish zoom and 
that the at least one clustered object is a clustered object ; and pan throughout a whole slide image on a computer display . 
applying an adaptive watershed technique to the at least one In either viewing modality , at high magnification , only small 
clustered object , whereby the at least one clustered object is 30 portions of the slide or image can be viewed at once . For 
split into at least two unclustered object . example , a whole slide image viewing application could 

BRIEF DESCRIPTION OF THE DRAWINGS display small field of view at high magnification , allowing 
the human viewer to differentiate between different nuclei or 
small objects of interest . If a process to detect all nuclei in Various features of the examples can be more fully 35 

appreciated , as the examples become better understood with the image had been run , 750 , 000 nuclei had been detected 
reference to the following detailed description , when con throughout the entirety of the image , and the human viewer 
sidered in connection with the accompanying figures , in wished to visualize the highlighted objects in the viewing 
which : application in the aforementioned small field of view , the 

FIG . 1 is a flow diagram of a method for processing a 40 viewing application would have to search through the entire 
medical image ; list of 750 , 000 nuclei in order to find those present in the 

FIG . 2 is a schematic diagram illustrating tiling a medical small field of view , and then render just those objects as 
image according to some embodiments ; overlays on top of the image . 

FIG . 3 depicts several images illustrating an object I t would be prohibitively computationally expensive to 
declustering process according to some embodiments ; 45 render all 750 , 000 objects simultaneously and re - render 

FIG . 4 depicts two types of marginal contours , and a each whenever the slightest zoom or pan movement was 
merged contour , according to some embodiments ; initiated by the human controlling the viewing application . 

FIG . 5 is a flow diagram of a method for providing Even if rendering all objects simultaneously without regard 
medical images in a client - server environment ; and for their spatial location in the image were somehow pos 

FIG . 6 is a schematic diagram depicting a system accord - 50 sible , because the objects can only be visually differentiated 
ing to some embodiments . in small fields of view at high magnification , the vast 

majority of the computational resources expended for ren 
DETAILED DESCRIPTION dering all objects would be wasted . Further , a list of 750 , 000 

objects , and associated metadata or statistics about each 
Reference will now be made in detail to the disclosed 55 object can require a non - negligible amount of persistent 

examples , which are illustrated in the accompanying draw storage , perhaps on the order of hundreds of megabytes , 
ings . Wherever possible , the same reference numbers will be even compressed . Even if rendering all the objects simulta 
used throughout the drawings to refer to the same or like neously were somehow possible , potentially hundreds of 
parts . In the following description , reference is made to the megabytes describing all the objects would have to be read 
accompanying drawings that form a part thereof , and in 60 in over disk or network , inducing undesirable and annoying 
which is shown by way of illustration specific examples . latency . 
These examples are described in sufficient detail to enable A partial , but problematic , solution for this problem is to 
those skilled in the art to practice them and it is to be render object information as an image overlay . Instead of 
understood that other examples may be utilized and that transferring each object , a snapshot of the image objects is 
changes may be made without departing from the scope of 65 taken and shown to the user over top of the image itself . 
the disclosure . The following description is , therefore , However , this approach does not allow the user of the 
merely exemplary . software to interact with the medical objects themselves . 
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That is , in this approach , the object data is not selectable , objects and object metadata would negate the advantages of 
manipulable , or otherwise amenable to usage by a human this process . It would mean that to run spatial queries on the 
user . data structure , the entire data structure and its constituent 

Some embodiments provide a technique to quickly query objects would have to exist in local memory , which could be 
a large set of objects for a subset that are visible in a given 5 prohibitively expensive . Instead , some embodiments 
field of view . According to some embodiments , the full set remove the chunks of objects from the tree and store them 
of objects are not loaded into the viewing application ' s main consecutively in a separate file ( e . g . , chunk - data - file ) , which memory ; the full set may reside in persistent storage over a can be quite large . Those chunks , although not stored in the network at a remote server , allowing the viewing application persisted tree data structure , are referenced by it . For to load only the subsets needed to satisfy the human viewer ' s 10 instance , a leaf node that refers to a chunk will indicate the requests at any given time . Moreover , the objects displayed location and size of the chunk data in the chunk - data - file . to a user according to this approach are fully manipulable by The result is a very lightweight tree data structure that a human user . Such objects may be selected , annotated , etc . 
Some embodiments utilize compression in a manner that functions as an index , or lookup - table , and can be loaded 

balances between speed of transfer over the network and 15 nearly instantaneously by a client application . The larger 
chunk - data - file need not be loaded in its entirety because the spatial density of the objects . Such embodiments may utilize client application can request from the remote server that a spatial access data structure at a client computer to 

determine which compressed chunk is associated with which stores the chunks only the chunks its needs to using the 
spatial region of an image . If the data is not spatially dense , information in the index . The tree data structure can be 
or overlaps with many other compressed chunks , then many 20 L persisted as JSON or XML , for example , for easy parsing by 

the client application . other compressed chunks must be retrieved from the remote 
server in order to comprehensively display the markups FIG . 1 is a flow diagram of a method 100 for processing 
within a bounding region of the image . The extraneous a medical image . Method 100 will be described with respect 

to FIG . 1 and in reference to the other figures . Method 100 retrievals reduce the value of grouping the data into chunks 
in the first place . Thus , some embodiments use spatial access 25 s may be implemented using a computing system as shown 
tree data structures to handle storage and access of objects and described below in reference to FIG . 6 . 
in medical images to intelligently organize the object data At block 102 , method 100 accesses at least one electroni 

cally stored medical image . The medical image may be a such that the components in each compressed chunk are 
dense . Moreover , the data structure is used as an index to the digitized whole slide image , for example . Alternately , the 
compressed chunks to accommodate searches of arbitrary 30 medical image may be an MRI , CT , or other image . Method 
regions . Such embodiments may take as an input a region of 100 may access the image by retrieving it from a remote 

server over a network such as the internet , for example . a whole slide image where objects are to be shown , and use 
the spatial access tree to provide a reference to the chunks At block 104 , method 100 represents the medical image 
of compressed data that contain the image objects contained as a plurality of overlapping tiles . The actions of this and a 
within that region . 35 subsequent blocks permit the parallelization of the process 

After clumping image - object data into dense chunks , the ing , prevent memory errors caused by complex computation , 
data structure may be reorganized to treat the compressed and achieve more than thirty times speedup on any given 
chunks of data as individual spatial objects in order to algorithm . In particular , medical images such as whole slide 
increase lookup efficiency . In particular , once the data struc images encode massive amounts of heterogeneity due to , for 
ture organizes image object data into spatial regions , these 40 an example , tissue types , scanning variability and staining 
regions may be removed , compressed , and repurposed as a artifacts . Splitting a given whole slide image into tiles and 

processing each tile with different parameters based on local separate data structure with an associated spatial region heterogeneity not only reduces the computation complexity , containing all markup objects inside the region . After 
removing the objects , the spatial access data structure may but also improves the analytical accuracy . 

FIG . 2 is a schematic diagram illustrating tiling 200 a be used as an index for the compressed chunks stored on a 45 medical image according to some embodiments . That is , remote server . The aggregate objects are very small in size FIG . 2 illustrates schematically an overlapping tiling 200 relative to markup objects , and therefore make the transfer 
of the index spatial access data structure to the user very fast that may be implemented per block 102 of FIG . 1 . As 
and efficient . depicted at an angle for viewing ease , tiling 200 breaks up 

The following provides a summary of some embodi - 50 the medical image into a plurality of overlapping tiles . As 
shown , shading in FIG . 2 indicates overlap . This , shading ments . An automated object detection process may be 

executed on a digitized whole slide image , generating a list 204 indicates an overlap from two tiles , and shading 202 
indicates overlap from four tiles . of potentially several hundred thousand objects , each with Define term Las representing the width of the overlapping its own spatial location / coordinates relative to the image . 

This list of objects / markups is inserted into a data structure 55 5 regions of two adjacent tiles . Any tile that does not locate on g 
that provides for querying objects by spatial location ( e . g . , one of the four borders of the whole slide image will have 
a spatial access tree data structure ) . An example of such a four “ epsilon margins ” , i . e . , margins of width epsilon . For an 
data structure is an R - tree . After the objects are inserted into input whole slide image that is a W by H on level O ( 40x 

objective ) , then the total number N of the tiles is may be the spatial access tree data structure using the approximate 
insertion procedure for the particular data structure , the 60 repres he represented as follows , by way of non - limiting example : 
resulting data structure has leaf nodes that are “ chunks ” of 
objects , e . g . , 100 - 500 . This means that a query on the tree for , [ W - € ] [ H - & ( 1 . 1 ) all objects within a particular range will return a set of 
" chunks ” , as opposed to a set of objects . This abstraction and 
grouping is useful , because the objects and their associated 65 
metadata are large in terms of storage / memory footprint . The tiling of block 102 is particularly useful in the context 
When persisting the tree data structure , to include all the of segmentation . Tiling as disclosed eliminates the segmen 

N = 12 
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tation of incomplete objects ( e . g . , nuclei ) caused by tile In the above , D is the color deconvolution matrix derived by 
boundaries , because adjacent tiles overlap with each other calculating the inverse of the stain matrix W ; Ø is the optical 
on one side , and both of them will perform segmentation on density space where a linear combination of stains results in 
the common regions . Therefore the information of the nuclei a linear combination of OD values ; and Ý ( c ) represents the 
( or other objects of interest ) located near tile borders will be 5 amount of each stain ( W1 , W2 , W3 ) corresponding to a pixel 
collected by both neighboring tiles , the actions of block 112 c . The value of W may be set as an international standard for 
essentially summarize the results returned from both tiles hematoxylin deconvolution , according to some embodi 
and come up with a conclusive answer . ments . 

Once the tiles are defined per block 104 , method 100 may Given the training image set of n images I = { 17 , 12 , . . . , 
proceed by processing individual tiles in parallel , as 10 In } , with m from one institution , and k from another , the 
depicted by the arrows and ellipses 116 of FIG . 1 . Each such actions of block 106 aims to eliminate stain variability from 
arrow indicates that multiple separate flows may be used to the model such that a non - linear color mapping onto the 
perform the actions of blocks 106 , 108 , and 110 on a respective images may be performed by mapping to a target 
plurality of tiles simultaneously . Accordingly , electronic stain . Without elimination of the stain variability , the het 
computers that utilize one or more parallel processors may 15 erogeneity of the stains may introduce bias and possibly 
be used to implement at least the actions of blocks 106 , 108 , even inducing a bimodal stain vector color distribution . 
and 110 . The stain normalization of block 106 proceeds by con 

At block 106 , a tile undergoes stain normalization . In verting the RGB signal to a perception - based color space 
general , medical images may contain mass amounts of laß . However , laß is a transform of the LMS space , so the 
heterogeneity due to imaging artifacts , staining errors , tissue 20 signal conversion may be piecewise . An LMS conversion 
types , scanning variability , and naturally occurring entropy may be performed according to , by way of non - limiting 
due to human error in the tissue handling process . Accord - example : 
ingly , the tiles may be independently subjected to an adap 
tive stain normalization process at this block . One or more 
parallel processors may be used to independently implement 25 10 . 3811 0 . 5783 0 . 0402 R ( 2 . 6 ) 
stain normalization on each of a plurality of tiles . An M = 0 . 1967 0 . 7244 0 . 0782 | | G 
example stain normalization process is disclosed presently [ s ] ( 0 . 0241 0 . 1288 0 . 8444 ] [ B ] in reference to Equations ( 2 . 1 ) - ( 2 . 13 ) . The process as 
described relates to the functions performed on one tile ; 
according to actual embodiments , the process may be per - 30 In order to eliminate skew in this color space , some embodi 
formed many times in parallel for many different tiles , that ments may convert to a logarithmic cone space , using the 
is , essentially simultaneously . following , by way of non - limiting example . 

For the stain normalization process , a deconvolution may L = log ( L ) be used to separate individual stains like hematoxylin and 
eosin , or many combinations of immunohistochemical 35 M = log ( M ) stains . In particular , color deconvolution transforms the 
RGB color space Y to a new color space Ý , defined by the 
tissue stains present . If an image I = ( C , 4 ) is defined as a 2D S - log ( S ) ( 2 . 7 ) 
set of pixels C with associated color space function Y Some embodiments use a cross - section of naturally occur 
assigning intensities of the individual RGB channels to each 40 ring images to decorrelate these axes . Some embodiments 
pixel , the relationship between Y and Y may be defined as compute maximal decorrelation between three axes using 
follows , by way of non - limiting example . principal component analysis . This results in three orthogo 

Y = exp ( - W? ) nal principal axes with pseudo - integer coefficients that we 
approximate with the following transform : 

In Equation ( 2 . 1 ) , W represents the stain matrix that defines 45 
the stain vectors associated with each stain present in the 
tissue , which may be represented by way of non - limiting ( 2 . 8 ) 
example as follows . 

50 oal - o 
( 2 . 2 Wr , 1 W9 , 1 W5 , 1 ] 

W7 , 2 W3 , 2 Wb , 2 
( W1 , 3 W9 , 3 Wb , 3 ] 

Yellow - bluear + g - h 

55 Some embodiments consider the L channel as red , the 
In Term ( 2 . 2 ) , the Wri , We , and Wbi are the predefined M channel as green , and S as follows . 

RGB values for the w ; channel . A closed form solution to the 
inversion of Equation ( 2 . 1 ) may be used to deconvolve an Achromaticar + g + b 
individual stain vector . This solution follows by showing the 
intensity of a pixel ceC in the new colorspace û may be 60 
defined , by way of non - limiting example , as follows . 

? ( c ) = DO ( C ) ( 2 . 3 ) Red - greenar - g ( 2 . 9 ) 
According to Equation ( 2 . 3 ) , the following hold . In such embodiments , the 1 axis represents an achromatic 

D = w - 1 ( 2 . 4 ) 65 color channel , and the a and ß channels represent chromatic 
yellow - blue and red - green opponent channels , respectively . 

O ( C ) = - log ( ' ( c ) ) ( 2 . 5 ) In this space , the data is symmetrical and compact , and 
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decorrelation to higher than second order is achieved . Note At block 110 , the raw object data obtained at block 108 is 
that the achromatic axis of this color space is orthogonal to declustered to remove improperly clustered objects . One or 
the equiluminant plane . more parallel processors may be used to independently 

In order to have some aspects of the distribution of data implement the declustering process on each of a plurality of 
points in laß space to transfer between images , some 5 tiles . An example declustering process is presented below in 
embodiments compute the mean and standard deviation reference to FIG . 3 . 
along each axis independently . Thus , such embodiments FIG . 3 depicts several images illustrating a declustering 
compute these measures for both the source and the target process according to some embodiments . On large - scale 
image . To do so , subtract the mean from the data points as image segmentation , due to staining noise and intrinsic 
follows . 10 image heterogeneity , for example , clusters are often inevi 

1 * = 1 - ( ? ) table . Therefore , post - segmentation declustering may be 
applied to more accurately represent proportion and shape 

@ * = a - la ) statistics of objects such as nuclei . The following presents 
B * = B - ( B ) ( 12 . 0 ) highly scalable techniques for both detecting clusters and 

15 declustering clusters . Both techniques are particularly suited Next , scale the respective standard deviations , e . g . , as fol for distributed computing environments . lows . By way of notation , the segmented contours can be 
represented as closed level curves that contain a set of 
three - dimensional points in clockwise order : 

20 c ( t ) = { ( x , y , z ) ER 31f ( x , y , z ) = c } ( 3 . 1 ) 
In Equation ( 3 . 1 ) , c denotes a constant , x and y represent 

the geometric properties of each pixel , z represents the RGB 
channel vector , and the variable t represents the index of 

25 each point . When considering only the geometric transfor 
mation of the contours , the function above can be simplified 

( 2 . 11 ) 20 

312 , 119 212 * Q 

as : 

This scaled distribution can be scaled back to RGB space , C ( t ) = { ( x , y ) ER 2 \ f ( x , y ) = c } ( 3 . 2 ) 
in order to view the transformed source image in its original Either Equation ( 3 . 1 ) or Equation ( 3 . 2 ) may be used where 
context . This may be accomplished by approximation with 30 appropriate , den appropriate , depending on context , in the following . the following transform , for example . A cluster detection technique is described presently . 

Given a potentially clustered contour C , let a and I denote 
the area and perimeter of C , respectively . Then the circular 

( 2 . 12 ) form factor may be represented as , by way of non - limiting 
[ L ] 1 1 1 1 example : 
M = 1 1 - 1 | | 

[ s ] [ 1 - 2 0 ] 
[ 002 ] ( 3 . 3 ) 

35 

$ = mo 
40 

Applying Equation ( 2 . 12 ) and raising the pixel values by 
a power of 10 to transform out of logarithmic space back 
into linear space can be used to convert the image data from 
LMS to RGB using the following , by way of non - limiting 
example . 

According to some embodiments , if a > a and = > & then C is 
considered a cluster . The parameters a and Ç are selected by 
a user under various settings . Otherwise , the contour may be 

45 further analyzed according to the following procedure . 
Determine a convex polygon P approximating curve C . 

An example is shown in depiction 302 of FIG . 3 . The 
curvature vector K of the given contour may be represented 
as , by way of non - limiting example : 

( 2 . 13 ) [ R ] [ 4 . 4679 - 3 . 5873 0 . 1193 | | L1 
G = - 1 . 2186 2 . 3809 - 0 . 1624 | | M 

[ B ] [ 0 . 0497 - 0 . 2439 1 . 2045 [ S ] 50 

( 3 . 4 ) 
At block 108 , a tile undergoes segmentation to detect and 

identify objects of interest . One or more parallel processors K = 
may be used to independently implement the segmentation 55 { dk dk dj dj 
on each of a plurality of tiles . Essentially any segmentation 
process that identifies objects of interest in the tiles may be 
used . For example , all the RGB tiles ( the alpha channel may 
be removed to reduce storage space ) generated from the In Equation ( 3 . 4 ) , x = { x ; li = 1 , 2 , . . . , n ) , and y = { y ; li = 1 , 
whole slide images may be distributed among the parallel 60 2 , . . . , n } , wherein ICI = n . That is , the curve representing an 
workers , local segmentation may be conducted on each tile , object may be electronically stored as two n - dimensional 
and segmentation parameters may be chosen based on the vectors representing the piecewise coordinates of the con 
heterogeneity of each tile . The output of block 108 is raw , 
potentially improperly clustered and disjoint , object data . Denote the set of local minima points on curve C as 
The improper clustering may be accounted for at block 110 , 65 follows , by way of non - limiting example : 
and the disjoint nature of the raw object data is resolved at 
block 112 . Q = { C ( t ) | K ( C ) = 0 } ( 3 . 5 ) 
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Depiction 304 of FIG . 3 illustrates example local minima 
( depicted as light dots ) graphically . 

Let d ( p , P ) represent the minimum distance from point p 
to polygon P , and define a concave factor by way of 
non - limiting example as follows . 

2 ) Background Blurring : After removing the dark objects 
and lower the contrast in the background , region N may be 
further smoothed using Gaussian filtering . The blurring 
kernel G? may be expressed as follows , by way of non 

5 limiting example : 

dip , P ) ( 3 . 6 ) 1 x + y2 
- - - - - - ( 3 . 11 ) 

Ga ( x , y ) = 202 
??? 2702 e 

D 10 
??? 

en 

i = - 3 j = - 3 

? ? 1 
In Equation ( 3 . 11 ) , ( x , y ) is from N . The intensity after 
blurring at pixel ( x , y ) with a 7x7 window may be expressed If D > d , according to some embodiments , then contour C as follows , by way of non - limiting example : 

is considered to be a cluster . The value of d is controlled by 
empirical factors and may be user - selectable . Two example 15 
clusters identified through the use of Equation ( 3 . 6 ) as ( 3 . 12 ) 
described are shown in depiction 306 of FIG . 3 . l ' ( x , y ) = ? God . ) / ( x + in y + j ) Having presented a cluster detection technique above , a 
declustering technique is described presently . The declus 
tering technique may be applied to the clusters detected 20 In Equation ( 3 . 12 ) , ( x , y ) is from N . This concludes the according to the above - described cluster detection tech description of background blurring , and with it , the descrip nique . The declustering technique may be performed at 
target regions around clusters , which makes it particularly tion of removing artifacts from region N of pixels outside of 

the boundary of contour C . An example extracted and adaptable for distributed computation . Specific parameters 25 cleaned ( i . e . , artifact - removed ) target region is shown in may be selected using pretrained regression models . New 25 depiction 308 of FIG . 3 . contours constructed from declustering may be automati The next step in declustering according to some embodi cally evaluated . 
According to some embodiments , for each given clustered ments is adaptive thresholding . Given a cluster C , an adap 

tive binary thresholding procedure may be conducted on the contour C , the minimum bounding region B is extracted . Let 
N represent the set of all pixels outside the boundary of C , 30 30 target bounding region B of C . Otsu ' s method may be 

applied here to determine the baseline threshold that mini and let R represent the set of pixels within and on the mizes weighted intra - class variance . Let t denote some boundary of C . Therefore , according to some embodiments : intensity threshold that divides the pixels in region B into 
two categories , P , and P2 . Thus : BONUR ( 3 . 7 ) 

In order to achieve better declustering , items such as nucleii , 
tissues , and potential staining noises in region N , may be q * = argmino ( 1 ) ( 3 . 13 ) 
removed using the two processes described below . 

1 ) Contrast Adjustment : Let I denote the intensity func o $ ( T ) = Wpo ( ) + WP , ( T ) 0 $ ( ) 
tion that takes coordinate ( x , y , z ) as variables : 

: 35 

40 

( 3 . 8 ) Op ? ( t ) = wp , ( T ) op , ? ( T ) + wp , ( T ) Op2 ( ) ( 3 . 13 ) 
1 ( x , y , z ) = { In Equations ( 3 . 13 ) , weights wp . ( T ) and wp . ( T ) may be 

45 computed from gray - level histograms of B . 
For each cluster C and its outer and inner regions N and 

In Equation ( 3 . 8 ) , ( x , y , z ) is in C . The intensity values range R , the following features may be extracted : 
from 0 to 255 , where 0 is the darkest ( black ) and 255 is the 1 ) mean , maximum , minimum intensities of N . 
lightest ( white ) . To remove noises from N , all the pixels with 2 ) mean , maximum , minimum intensities of R 
intensity lower than threshold o will be replaced by a new 50 3 ) intensity variance of N 
background color c . This action may be symbolically rep 4 ) intensity variance of R 
resented as follows , by way of non - limiting example . 5 ) circular form factors of C 

6 ) area of C 
Additionally , local heterogeneity features for region B 

fc , if 1 ( x , y ) < 0 ( 3 . 9 ) 55 may be extracted using an Adaptive Local Morphological 
z otherwise Scale ( ALMS ) technique . A suitable technique may model 

local heterogeneity across a whole slide image in order to 
adaptively change parameters for nuclear segmentation that In Equation ( 3 . 9 ) , color c of each target region may be are dependent on local image properties . Such a technique defined as the RGB values of the pixels with the highest 60 may model the local heterogeneity of a whole slide image intensity in region R , which may be expressed as follows , by using rotational , scale , and color space invariant computa way of non - limiting example . tions . A variation on Otsu ' s two - dimensional thresholding 
technique may be used . Namely , define an Otsu coefficient 

1 ( x * , y * , c ) = max 1 ( x , y , z ) , ( x * , y * , C ) ER as a scalar multiplier of the threshold value for binarization ( 3 . 10 ) 65 computed through Otsu ' s known binarization process . In 
particular , define Otsu ' s Coefficient we ( 0 , 5 ] to be the scalar 
multiplier of Otsu ' s threshold u , an intensity threshold in 

Z = 

( X , Y , Z ) ER 



13 

VG = ( Gx . 
dx dy 

US 10 , 346 , 980 B2 
14 

grayscale space , such that up = 4i , where If represents an in order to avoid over - segmentation and improve efficiency , 
intensity threshold in grayscale space transformed with a marker - controlled watershed algorithm may be used . The 
respect to the local heterogeneity properties of the tile . Next , flooding process on image G starts from the set of fore 
build a model to adaptively produce w for every tile across ground markers described above . The gradient vectors of G 
the whole slide image . The pre - segmentation processing , 5 in x and y directions may be represented as follows , by way 
which aims at predicting the best w for each tile in a given of non - limiting example : 
whole slide image , may include the following steps : 

1 ) Emanate eight radial trajectories from the tile center . 
2 ) Construct a polygon representing local heterogeneity in ( OG OG ( 3 . 16 ) 

- 10 a physics system . 
3 ) Extract heterogeneous features which are closely 

related to nuclear distribution in each tile . Therefore , the gradient magnitude may be represented as 
4 ) Feed heterogeneous features to the pretrained Otsu follows , by way of non - limiting example . 

coefficient predictor . 
5 ) Set the y to be the predictor output , which adapts to the | | VG | VG , + G , 2 ( 3 . 17 ) 

current tile . Given each foreground marker M , let NM denote the 
The predictor may be a linear regression model built using neighboring pixels of M , N , denote the neighborhood of a 

cropped tiles from a known image . The features extracted given pixel p , 1 ( p ) be the label of p , and c be a constant value . 
using the ALMS technique may then be fed into a pretrained 20 The flooding process may be performed using Algorithm 1 , 
Bayesian ridge regression model to predict the best coeffi - below , for example . 
cient o , which is later multiplied to the baseline threshold T * . 

Thus the final threshold value according to some embodi 
ments is OT * , where o is adaptively chosen based on the Algorithm 1 
local heterogeneity of each given cluster . The search for t * , Sort { p p EN M } based on | | VG ( p ) | | into list P ; may be implemented based on an algorithm that optimizes while P = 0 do the sensitivity and specificity of the objects detected . I for p E P do 

The next step in declustering according to some embodi Check all pixels in N ; 
T ments is applying a transformation . Let G denote the adap L if V EN , , 1 ( q ) = = c then 

L L 1 ( p ) = c ; tive thresholding result of B . Then the distance transforma - 30 
tion D on G may be defined as follows , by way of non for EN do 
limiting example . 

I L Insert q into P based on ( VG ( 9 ) | | : 

15 

— 

— 

— 1 end 
- — 

- — = = null then 
- — 

- — end 

D ( p ) = mind ( p , q ) ( 3 . 14 ) 35 
TL end 

| end JEG end 

In Equation ( 3 . 14 ) , p is taken from G , and d ( p , q ) denotes Lastly , only the components of reasonable sizes and 
the Euclidean distance between points p and q . The trans - shapes are kept . For example , as shown in depiction 3 . 14 of 
formation may be implemented based on the algorithm 40 FIG . 3 , component 2 may be discarded . A final declustering 
described in , for example , Felzenszwalb , Pedro , and Daniel result is shown in depiction 316 of FIG . 3 . 
Huttenlocher , Distance transforms of sampled functions , According to some embodiments , the declustering result 
Cornell University , 2004 . Afterwards , D may be further may be automatically evaluated based on one or more of the 
transformed using Equation ( 3 . 15 ) below into E . Let b 
denote the binary structuring of D , which may be repre - 45 1 ) the intensity of each new contour 
sented as follows , by way of non - limiting example . 2 ) the circular form factor of each new contour 

3 ) the total area of the new contours 
If the declustering result is determined as bad , the declus 

E ( p ) = ( Deb ) ( p ) = min [ D ( p + q ) – b ( q ) ] ( 3 . 15 ) tering power may be adjusted , and new contours may be qeNp 
50 generated based on auto - tuned parameters . For example , if 

the total area of the new contours is much smaller than the 
In Equation ( 3 . 15 ) , p is from B , and N , denotes the neigh - original cluster , and large regions with reasonable intensity 
borhood of p . An example result of applying a distance values are not covered by the any contours , then the thresh 
transform as disclosed appears in depiction 310 of FIG . 3 . olding and filtering degrees may be lowered accordingly . 

The next step in declustering according to some embodi - 55 This concludes the description of a declustering technique 
ments is performing a connected component analysis . Given according to some embodiments . 
the transformation result E , connected component analysis As preparation for performing the global merge of block 
may be applied to search for foreground object markers . A 112 of method 100 , the segmented contours may be classi 
suitable connected component analysis is that described in fied as " inner results " or " marginal results ” , where the 
Wu , Kesheng , Ekow Otoo , and Arie Shoshani , Optimizing 60 former category represents the contours of the segmented 
connected component labeling algorithms , Medical Imag - objects of interest that fall outside the four epsilon margins 
ing , International Society for Optics and Photonics , 2005 . of the tile ( see the discussion of FIG . 2 , above , regarding 
Example detected markers are shown in depiction 312 of " epsilon margins ” ) , and the latter category represents the 
FIG . 3 , where he light and dark gray areas represent back contours of the segmented objects of interest that locate in 
ground and unknown regions , respectively . 65 or touch the epsilon margins . This preparation may be 

The next step in declustering according to some embodi - performed in parallel using a parallel processor . The con 
ments is performing a marker - controlled watershed . That is , tours from both categories can be directly mapped to a 
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global image space by adding tile origin offset to the contour In Equations ( 4 . 3 ) and ( 4 . 4 ) , p . = ( Xp1 , Yp? ) and p2 = ( Xp2 , Yp2 ) . 
coordinates . The mapped inner contours and marginal con - For purposes of notation , p , has lower index in C , sequence , 
tours may then be collected separately . whereas p , has lower index in the C , sequence . This con 

At block 112 of FIG . 1 , a global merge is performed . The cludes the split sub - step . 
global merge accepts the results of one or more of blocks 5 For the stitch sub - step , given two open curves L , and L ) , 
106 , 108 , and 110 , and merges the information from the stitch them together at the splitting points p , and p2 . First , 
plurality of tiles ( particularly from the epsilon margins remove points p , and p , from Ly , so that no duplicate points 
thereof ) into a complete set of object information for an exist . This situation may be symbolically represented as 
entire medical image . Thus , the global merging step aims at follows , by way of non - limiting example . 
sort and conclude information from the marginal contours , 10 
then replace them with a duplicate - free yet complete set of L ' 1 = L1 - { ( xpl » ypl ) , ( * p23Yp2 ) } 
results . Given the original set of marginal contours , the L ' inLz = ( 4 . 6 ) interior points of each contour ( coordinates inside each 
contour ) are extracted , which may be done in parallel . Any Then a new contour L is constructed from L ' 1 and L , by 
two ( or more ) contours that share multiple interior points 15 sorting all the points in L ' ; NL2 in a clockwise order . An 
may be replaced by a new large contour . This may be example of such a merging result L is shown in depiction 
performed by taking the union of such contours and recal 406 of FIG . 4 . 
culating the new contour boundaries of the unions . This way , For the smooth sub - step , according to some embodi 
according to some embodiments , all the overlapped contours ments , each point of the merged contours is examined with 
are merged and the tiling border effect is eliminated . 20 an e . g . , 5x5 window . Specifically , given each merged con 

FIG . 4 depicts two types of marginal contours , and a tour C , for each point ceC , all 24 pixels in the surrounding 
merged contour , according to some embodiments . Given a neighborhood ( e . g . , of pixels within two pixel lengths of c , 
list of marginal contours , consider two scenarios : contours as well as corner elements to form a 5x5 square ) may be 
that are completely contained in other contours , as shown by taken into consideration . Let k denote the number of neigh 
representation 402 of FIG . 4 , referred to herein as “ parent - 25 bors that locate inside or on the boundary of C . According 
child contours ” , and contours that partially intersect with to some embodiments , if k > S , median filtering is used to 
each other , as shown by representation 404 of FIG . 4 , smooth away the spike noises ; otherwise Gaussian filtering 
referred to herein as “ intersected contours ” . may be applied . Here S represents a sharpness parameter that 

Parent - child contours normally occur when the two adja - may be user selectable or determined empirically . 
cent tiles are heterogeneously distinctive and have very 30 Let I represent the original intensity matrix . Then the new 
unique segmentation parameters , which leads to very dif - intensity value I ' v ( c ) at pixel c computed with median 
ferent segmentation results . In this case , for some embodi - filtering may be represented as follows , by way of non 
ments , only the outer parent contour is kept and the inner limiting example : 
child contour is discarded . 

The more common adjacency relation of marginal con - 35 I ' mbx . ) = median { 1 ( x , y ) | ( x , y ) { N } 
tours is that of intersected contours , where two or more In Equation ( 4 . 7 ) , c = ( x , y ) , and N represents the point 
contours at least partially intersect with each other . For this coordinates in the 5x5 neighborhood surrounding c . 
adjacency type , an split - stitch - smooth methodology may be For Gaussian filtering , the smoothing kernel G , may be 
applied . The split sub - step , the stitch sub - step , and the the same kernel defined in Equation ( 3 . 11 ) , for example . 
smooth sub - step , according to some embodiments , are 40 The intensity after smoothing at pixel c may be repre 
described in detail below . sented as follows , by way of non - limiting example . 

For the split sub - step , let C1 and C2 represent two 
overlapped contours , each containing a list of points , which 
may be represented as follows , by way of non - limiting 2 2 
example . 

( 4 . 7 ) 

( 4 . 8 ) 

45 Balker Y ) = ? ? Cobbllke + i , ye + j ) i = - 2 j = - 2 

( 4 . 2 ) 
50 

Ci = { ( * 11 , 911 ) , ( * 12 , 912 ) , . . . , ( * 1mY?m ) } ( 4 . 1 ) 
Then the final intensity value may be represented as follows , Cz = { ( x21 , 921 ) , ( x22 , 922 ) , . . . , ( x2mY2m ) } by way of non - limiting example . 

In Equations ( 4 . 1 ) and ( 4 . 2 ) , ICI = m and IC2l = n . 
According to some embodiments , contours that intersect 

at only point are not merged . Thus , for any given contour ( 1 ' p ( xc , yc ) , if k > $ ( 4 . 9 ) 
pairs for merging , in such embodiments , there will always be l ' ( c ) = { | Gxc , yc ) , otherwise two intersection points pi and P2 , shown in FIG . 4 as 
depiction 404 . Then p , and p2 may be used as the splitting 55 
points for both C , and C2 , which results in two open curves This concludes the description of the basic global merge 
L , and L , constructed from the original contours . To calcu - of block 112 of method 100 . However , in highly clustered 
late L , from C , , the coordinates of all the points that are regions , sometimes three or more contours , from at most 
within C , boundary may be extracted from sequence C , . Let four different tile segmentation , may overlap with each other 
I , and 12 represent the set of the inner points of C , and C2 60 as shown at 202 in FIG . 2 . For such cases , the basic global 
respectively . The intersection C , \ I , may then be subtracted merge procedure described above may be applied in a 
from C1 , and C \ I , may then be subtracted from Cz : recursive way , two of the intersected contours may be 

L , = C , - C , NI = { ( x11 , 911 ) , . . . , ( Xp1ypt ) , merged each time , until no more merging is needed . 
( Xp23Yp2 ) , . . . , ( * 1mY?m ) } ( 4 . 3 ) At block 114 of method 100 , the globally - merged object 

65 data is output . The output may be any of a variety of forms . 
L2 = C2 - CzNI1 = { ( x21 , 921 ) , . . . , ( Xp2 . p2 ) , According to some embodiments , the object data , or a 

( * p1 , 4pl ) , . . . , ( X2mY2x ) } ( 4 . 4 ) portion thereof , is displayed , e . g . , superimposed over the 
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original medical image , or corresponding portion thereof . to a location in the composite object reference data structure . 
Such embodiments , the display may be used by a medical These references are used to recover only the necessary 
professional for analysis or review . According to some portions of the composite object reference data structure . 
embodiments , the output is performed by sending the object The client computer obtains the respective object data and 
data to computing machinery for further processing , e . g . , 5 then overlays the object data onto the respective image data 
building a spatial access data tree , as shown and described for display . 
below in reference to FIG . 5 . FIG . 6 is a schematic diagram of a system 600 suitable for 

FIG . 5 is a flow diagram of a method 500 for providing implementation of a method as shown and described , e . g . , 
medical images in a client - server environment . Method 500 methods 100 and / or 500 . System 600 may be based around 
may be performed using computing machinery , e . g . , as 10 an electronic hardware internet server computer 606 that 
shown and described below in reference to FIG . 6 . includes one or more electronic processors 610 , which may 
At block 502 , method 500 constructs a spatial access tree . be communicatively coupled to the internet 604 . System 600 

Such a tree may be an R - tree or R * - tree , for example . The includes network interface 608 to affect the communicative 
spatial access tree may be constructed from the object data coupling to the internet 604 , and , through internet 604 , client 
as described below using insertion operations particular to 15 computer 602 . Network interface 608 may include a physi 
the type of spatial access tree . cal network interface , such as a network adapter . System 600 

In general , the spatial access tree organizes the stored may be a special - purpose computer , adapted for reliability 
image object data such that the components in each com - and high - bandwidth communications . Thus , system 600 
pressed chunk are dense . Additionally , the spatial access tree may be embodied in a cluster of individual hardware server 
is used as an index to the compressed chunks to accommo - 20 computers , for example . Processors 610 may be multi - core 
date searches of arbitrary regions . That is , once constructed processors suitable for handling large amounts of informa 
as disclosed , the spatial access tree may take an input of a tion . In particular , processors 610 may be highly parallel . 
region or point where markups need to be shown , and Processors 610 are communicatively coupled to persistent 
provide the reference to the correct chunks of compressed memory 612 , and may execute instructions stored thereon to 
data that contain the image objects contained within that 25 effectuate the techniques disclosed herein on concert with 
region . client computer 602 and / or client computer 616 as shown 

After clumping medical object data into dense chunks , the and described in reference to FIGS . 1 and 5 . Persistent 
spatial access tree may be reorganized to treat the com - memory 612 may be in a Redundant Array of Inexpensive 
pressed chunks of data as individual spatial objects in order D isk drives ( RAID ) configuration for added reliability . Pro 
to increase lookup efficiency . Therefore , once the spatial 30 cessors 610 are also communicatively coupled to volatile 
access tree organizes image object data into spatial regions , memory 614 . Volatile memory 614 may be or include 
these regions may be removed from the tree , compressed , Error - Correcting Code ( ECC ) memory hardware devices 
and repurposed as objects with associated spatial regions In some embodiments , the disclosed techniques operate 
containing all markup objects inside the regions . The tree together synergistically . Because of the amount of data , an 
may be reorganized such that the leaf nodes become groups 35 automated algorithm may be used to detect many objects in 
of spatially close objects . The aggregate objects are very a medical image , but such objects cannot be effectively 
small in size relative to markup objects , and therefore make viewed without an efficient way to look up which objects fall 
the transfer of the index spatial access data structure to the within any particular field of view . In other words , auto 
user very fast and efficient . mated object detection by itself is only partially useful ( e . g . , 

Thus , the construction of the spatial access tree may 40 for collecting statistics ) unless there is a good way to view 
proceed as follows . Initially , all objects are inserted into a a small portion of them . According to some embodiments , 
spatial access tree data structure may be set as leaf nodes . In the parallelization through the use of component multiple 
order to allow ease of transfer , these image objects are stored tiles , and then the individual processing for stain normal 
in bulk , so branches above the leaf nodes containing the ization , segmentation , and declustering , followed by the 
image objects are extracted and morphed into a composite 45 global merge , operate together to permit efficient identifi 
object . The composite objects are stored in a key access data cation and viewing of objects of interest . 
structure . New indexing objects are created for each com - Certain examples described above can be performed in 
posite object , with the spatial dimensions of the composite part using a computer application or program . The computer 
object and the reference to the composite object as a value . program can exist in a variety of forms , both active and 
The indexing objects are all added into a spatial access tree 50 inactive . For example , the computer program can exist as 
data structure that is stored to serve as an indexing tree . The one or more software programs , software modules , or both , 
composite object reference data structure is stored to be that can be comprised of program instructions in source 
accessed through the indices held in the indexing tree . code , object code , executable code or other formats , firm 

At block 504 , method 500 may provide the indexing tree ware program ( s ) , or hardware description language ( HDL ) 
to a client computer . The providing may be by way of an 55 files . Any of the above can be embodied on a computer 
electronic file transfer over the internet from a client com - readable medium , which can include computer readable 
puter to a server computer , for example . storage devices and media in compressed or uncompressed 

The data from the original medical image itself may be form . Exemplary computer readable storage devices and 
stored as tiles , e . g . , the tiles obtained per method 100 . These media include conventional computer system RAM ( random 
tiles may be organized using a pyramid tree that allows for 60 access memory ) , ROM ( read - only memory ) , EPROM ( eras 
presenting images at varying resolutions . Based on a user ' s able , programmable ROM ) , EEPROM ( electrically erasable , 
pans and zooms of this image data as displayed on a client programmable ROM ) , and magnetic or optical disks or 
computer , the client computer uses the indexing tree to tapes . 
request object data at block 506 of method 500 , which it may Those skilled in the art will be able to make various 
obtain from a remote server at block 508 . That is , a spatial 65 modifications to the described examples without departing 
access search is performed on the indexing tree to find the from the true spirit and scope . The terms and descriptions 
resultant leaf nodes . These leaf nodes each have a reference used herein are set forth by way of illustration only and are 
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not meant as limitations . In particular , although the method least one included object included within the bounding 
has been described by examples , the steps of the method can box represented by the bounding box data ; and 
be performed in a different order than illustrated or simul providing object data for the at least one included object 
taneously . Those skilled in the art will recognize that these included within the bounding box represented by the 
and other variations are possible within the spirit and scope 5 bounding box data . 
as defined in the following claims and their equivalents . 9 . The method of claim 1 , further comprising declustering 
What is claimed is : the object data to split at least one identified object into at 1 . A computer - implemented method of processing medi er - implemented method of processing medi - least two disjoint objects . 

cal images , the method comprising : 10 . The method of claim 9 , wherein the declustering accessing an electronically stored at least one medical 10 0 comprises : image ; computing curvature data for at least one clustered object electronically representing a plurality of overlapping tiles represented by the object data ; that cover the at least one medical image , each over 
lapping tile of the plurality of overlapping tiles com determining , based on the curvature data , that the at least 

one clustered object is a clustered object ; and prising a non - overlapping inner portion and an over - 15 
lapping marginal portion ; applying an adaptive watershed technique to the at least 

in parallel , and individually for each of a plurality of the one clustered object , whereby the at least one clustered 
overlapping tiles : object is split into at least two unclustered object . 

applying a segmentation process to identify objects in the 11 . A system for processing medical images , the system 
at least one medical image ; 20 comprising an electronic persistent memory and at least one 

identifying inner object data representing at least one electronic processor , wherein : 
inner object that is contained within an inner portion of the electronic persistent memory is configured to store at 
at least one tile ; and least one medical image ; and 

identifying marginal object data representing at least one wherein the at least one electronic processor is configured 
marginal object that overlaps a marginal portion of at 25 to electronically represent a plurality of overlapping 
least one tile ; tiles that cover the at least one medical image , each 

merging at least some of the marginal object data to overlapping tile of the plurality of overlapping tiles 
produce merged data ; and comprising a non - overlapping inner portion and an 

outputting object data comprising the inner object data overlapping marginal portion ; 
and the merged data . wherein the at least one electronic processor is further 

2 . The method of claim 1 , wherein : configured to , in parallel , and individually for each of 
the at least one medical image comprises a whole slide a plurality of the overlapping tiles : 

image ; and apply a segmentation process to identify objects in the 
the object data represents at least one : cell nucleus , cell at least one medical image ; 

nucleoli , gland , tumor , or image artifact . 35 identify inner object data representing at least one inner 
3 . The method of claim 1 , wherein the merging at least object that is contained within an inner portion of at 

some of the marginal object data comprises : least one tile ; and 
splitting marginal object data for at least one pair of identify marginal object data representing at least one 

overlapping objects to produce split object data ; marginal object that overlaps a marginal portion of at 
stitching together the split object data to produce stitched 40 least one tile ; 

object data ; and wherein the at least one electronic processor is further 
smoothing the stitched object data . configured to perform : 
4 . The method of claim 3 , further comprising recursively merging at least some of the marginal object data to 

merging at least some of the marginal object data for at least produce merged data ; and 
one pair of overlapping objects that are included in more 45 outputting object data comprising the inner object data 
than two of the plurality of overlapping tiles . and the merged data . 

5 . The method of claim 1 , further comprising , in parallel , 12 . The system of claim 11 , wherein : 
and individually for each of a plurality of the overlapping the at least one medical image comprises a whole slide 
tiles : applying a stain normalization process . image ; and 

6 . The method of claim 1 , further comprising causing at 50 the object data represents at least one : cell nucleus , cell 
least a portion of the at least one medical image overlaid by nucleoli , gland , tumor , or image artifact . 
at least a portion of the object data to be displayed . 13 . The system of claim 11 , wherein the merging at least 

7 . The method of claim 1 , further comprising building a some of the marginal object data comprises : 
spatial access tree structure from the object data . splitting marginal object data for at least one pair of 

8 . The method of claim 7 , further comprising : 55 overlapping objects to produce split object data ; 
removing object data from the spatial access tree struc - stitching together the split object data to produce stitched 

ture ; object data ; and 
storing the object data in persistent memory ; smoothing the stitched object data . 
providing , over a computer network , the spatial access 14 . The system of claim 13 , wherein the at least one 

tree structure to at least one client computer , whereby 60 electronic processor is further configured to recursively 
the at least one client computer queries the spatial merge at least some of the marginal object data for at least 
access tree structure with bounding box data and one pair of overlapping objects that are included in more 
receives identifying data for at least one included object than two of the plurality of overlapping tiles . 
included within a bounding box represented by the 15 . The system of claim 11 , wherein the at least one 
bounding box data ; 65 electronic processor is further configured to , in parallel , and 

receiving query data from the at least one client computer , individually for each of a plurality of the overlapping tiles 
the query data comprising the identifying data for the at apply a stain normalization process . 



US 10 , 346 , 980 B2 
21 22 

16 . The system of claim 11 , wherein the at least one least one included object included within the bounding 
electronic processor is further configured to cause at least a box represented by the bounding box data ; and 
portion of the at least one medical image overlaid by at least provide object data for the at least one included object 
a portion of the object data to be displayed . included within the bounding box represented by the 

17 . The system of claim 11 , wherein the at least one 5 bounding box data . 
19 . The system of claim 11 , wherein the at least one electronic processor is further configured to build a spatial electronic processor is further configured to decluster the access tree structure from the object data . object data to split at least one identified object into at least 

18 . The system of claim 17 , wherein the at least one two disjoint objects . 
electronic processor is further configured to : 20 . The system of claim 19 , wherein the at least one 
remove object data from the spatial access tree structure ; " electronic processor is further configured to decluster the 
store the object data in the electronic persistent memory ; object data to split the at least one identified object into at 
provide , over a computer network , the spatial access tree least two disjoint objects by : 

structure to at least one client computer , whereby the at computing curvature data for at least one clustered object 
least one client computer queries the spatial access tree 15 . represented by the object data ; 
structure with bounding box data and receives identi determining , based on the curvature data , that the at least 
fying data for at least one included object included one clustered object is a clustered object ; and 
within a bounding box represented by the bounding box applying an adaptive watershed technique to the at least 
data ; one clustered object , whereby the at least one clustered 

receive query data from the at least one client computer , object is split into at least two unclustered object . 
the query data comprising the identifying data for the at 


